Both principal component regression (PCR) and partial least squares regression (PLSR) have been commonly used to predict neurochemical concentrations from measurements of fast-scan cyclic voltammetry (FSCV). However, a comparison of the accuracy of the above methods for FSCV analysis is yet to be demonstrated. In this work, we compare the concentration estimation performance of PCR and PLSR in an analysis of FSCV data. Using conventional FSCV, we recorded in vitro background-subtracted cyclic voltammograms from five neurochemicals i.e., dopamine, ascorbic acid, 3,4-dihydroxyphenylacetic acid, and serotonin, and pH change, with five concentrations of each substance and five pH values. The results showed that the absolute error (AE) and mean absolute percentage error (MAPE) were significantly smaller on average when the concentration of a single substance was predicted using PLSR compared with the use of PCR. As a further evaluation of PCR and PLSR, we compared the predictions of the concentrations of mixtures using PCR and PLSR. The AE and MAPE in the predictions obtained using PLSR were significantly smaller than those obtained using PCR. Across the single substance and the four types of mixtures, compared with PCR, PLSR showed not only higher accuracy in the prediction of concentrations but also higher selectivity. Therefore, PLSR should be preferred over PCR as a more reliable tool to analyze FSCV data.
INTRODUCTION
Fast-scan cyclic voltammetry (FSCV) has long been used for monitoring chemical fluctuations in physiological systems [1, 2] . The interpretation of chemical fluctuations measured using FSCV in a physiological environment requires identifying neurochemicals and their concentrations are based on electrochemical features such as the peak potential position, shape, and peak amplitude. In general, a statistical method called principal component regression (PCR) has been used in the field of FSCV; it consists of feature extraction data analysis (principal component analysis (PCA)) and multiple linear regression to PCA [3] [4] [5] [6] [7] . PCR allows an analytical chemist to resolve complex mixtures of neurochemicals and analyze their features such as the absolute concentrations or phasic and tonic fluctuations.
Over the past decade, partial least squares regression (PLSR) has received significant attention in the field of chemometrics since its development by Herman Wold and coworkers [8] [9] [10] . PLSR has been applied to many scientific areas including bioinformatics, food research, medicine, pharmacology, and physiology [11] [12] [13] [14] [15] [16] [17] . It has also been applied to FSCV analysis once, to the best of our knowledge [18] . PCA has been used to maximize covariance in voltammograms, whereas PLSR is used to consider both voltammograms and the corresponding concentrations [19, 20] . PLSR is particularly useful to predict a testing dataset of dependent variables from training with a large dataset of independent variables (i.e., predictors). Thus, the application of PLSR to an analysis of cyclic voltammograms is underlined by the fact that the prediction of unknown cyclic voltammograms is based on the causal relationship between the known concentration and the reference cyclic voltammograms. However, the advantages of PLSR over PCR are still unclear [21] .
Here, we demonstrate the better performance achieved by applying PLSR to FSCV analysis in the estimation of features of chemical fluctuations compared with that of PCR. We used conventional FSCV recordings to estimate five neurochemicals (dopamine (DA), ascorbic acid (AA), 3,4-dihydroxyphenylacetic acid (DOPAC), and serotonin (5-HT)) and pH change (∆pH). First, the concentrations of unknown voltammograms (testing dataset) recorded from inducing a single neurochemical were estimated, from an identical calibration set (training dataset), but by using the distinct analytical methods PCR and PLSR independently. Second, the performances of PCR and PLSR for the predictions of a single analyte were evaluated through cross-validation. Third, through prediction of the mixtures of the two analytes mimicking a more physiological environment (e.g., a mixture of DA 0.5 µM and AA 100 µM), we compared the performances of PLSR and PCR. From these results, we observed that PLSR showed remarkably improved performance for the classification of neurochemicals (accuracy) and the estimation of concentrations (sensitivity).
METHODS AND MATERIALS

Data acquisition
Cyclic voltammograms were acquired using a commercial electronic interface (NI USB-6251, 16 bit, National Instruments), and software written in LabVIEW (Tar Heel UEI, University of North Carolina). Unless noted, the A potential was held at -0.4 V versus the reference electrode (Ag/AgCl) between the scans, and a triangular waveform was used with a scan rate of 400 V/s, anodic limit of + 1.3 V, and repetition rate of 10 Hz. Two neurotransmitters (DA and 5-HT), dopamine metabolites (DOPAC), and ascorbic acid (AA) were introduced to collect the cyclic voltammograms. Each neurochemical was recorded at four different concentrations, (0.5-2.0 µM for DA and 5-HT, 5-20 µM for DOPAC, and 50-200 µM for AA) and also in the Tris buffer alone (none in Fig. 1A ). In addition to these neurochemicals, cyclic voltammograms were also recorded at five different pH values (between pH 7.2 and 7.6). After collection, background subtraction, signal averaging, and digital filtering were performed under software control. All the experiments were performed inside a Faraday cage to eliminate as much electromagnetic noise as possible. The background-subtracted cyclic voltammograms for the five neurotransmitters are shown in Figure 1. 
Electrodes
Carbon fiber microelectrodes (CFM) were constructed, as previously described [22] , by inserting a single carbon fiber (d = 7 μm) (Cytech Thomel T300) into a silica tube with an outer diameter of 89 μm (Polymicro Technologies, Phoenix, AZ) and holding it in place with amic acid cement. One end was attached to a nitinol wire (Small Parts, Logansport, IN) with silver epoxy paste and inserted into polyimide tubing (Chemtron Inc., Lorton, VA) for insulation. The other end with exposed carbon fiber was trimmed to a final length of ~ 100 µm using a scalpel blade.
Flow injection apparatus
A CFM was positioned at the center of the flow cell so that a flowing stream of buffer and analyte could be injected as a bolus. The buffer solution was pumped across the CFM at a rate of 2 mL/min. The buffer was injected using a flow-injection system consisting of a syringe pump (Harvard Apparatus, Holliston, MA) through a Teflon tube to a 6-port injection valve (Rheodyne, Rohnert Park, CA) at a rate of 2 mL/ min. The analyte was introduced from an injection loop to the flow cell using an injection valve controlled using a 12 V dc solenoid. The flow cell was flushed with a buffer solution for at least 30 s prior to each injection of analyte.
Chemicals
All the chemicals were purchased from Sigma-Aldrich (St Louis, MO). The Tris buffer solution was composed of 150 mM NaCl and 12 mM Tris (Trizma base) at pH 7.4. DA, AA, DOPAC, and 5-HT at the desired concentrations as well as solutions for the five different pH values were prepared in the Tris buffer on the day of use.
Data analysis
To estimate the concentrations of the neurochemicals and the pH, we performed PCR and PLSR using MATLAB 2017a (MathWorks, Inc, Natick, MA). Both analysis methods were used to construct a coefficient matrix that projects cyclic voltammograms to known concentrations of various neurochemicals. A regression matrix was constructed using a training dataset composed of cyclic voltammograms (850 data points of a sample in a single column, and 650 and 1500 samples for the estimation of a single substance and mixture, respectively, unless noted). From the constructed regression matrix, unknown concentrations of a testing dataset (650 and 200 samples for the estimation of a single substance and mixtures, respectively, unless noted) were estimated. In the regression, we used only primary PCR or PLSR components identified using the Marcenko and Pastur distribution [23] [24] [25] . Under the null hypothesis of an uncorrelated matrix (training dataset), the correlation between the PCR or PLSR components was determined only by random fluctuations, and the eigenvalues of the matrix must lie between λmin and λmax. ,
where σ 2 is the variance of the random matrix (cyclic voltammograms in the Tris buffer) and q is the number of data points divided by the number of samples. Therefore, eigenvalues greater than λmax are a sign of nonrandom correlations in the matrix, and hence, we refer to these primary components as a signal. We used the same number of components in a comparison between PCR and PLSR. Data pretreatments such as mean centering and normalization were not used so that the cyclic voltammogram retained its current amplitude. To limit problems such as overfitting in a regression model [26] , a 10-fold cross-validation was performed for the estimation of the single substance (Fig.  4) . We repeated the same procedure for the three different sets of data collected from the three electrodes. The Pearson correlation between the projections on each PCR component and the concentration of each neurochemical was calculated ( Fig. 2B and Fig. 3B ). From these correlation coefficients, the mean of absolute correlation coefficients was calculated for the specified components and all neurochemicals (Fig. 4A ). To remove the disproportionate effect of a large error in the predictions of concentrations, we calculated the mean absolute percentage error (MAPE), which is the sum of the absolute error (|predicted -actual value|) divided by the number of predictions and multiplied by 100 ( Fig. 4C and Fig. 5B ).
RESULTS AND DISCUSSION
Estimation of concentrations using PCR
We performed PCA to reduce the dimensionality of a training dataset of cyclic voltammograms of four neurochemicals and pH change from a single CFM. The first three PCR components (PCR-C; typically called principal components) accounted for 97.2% of the variance in the training dataset. For each neurochemical, the distribution on the first three PCR components shows a relatively monotonic relationship as a function of concentrations ( Fig. 2A) . Every neurochemical was classified roughly well with the first three PCR components, but the classification of DOPAC and ∆pH from DA was relatively poor. Therefore, we must understand the relationship between lower-ranked PCR components and the concentrations of each neurochemical, in addition to which PCR component was highly correlated with which neurochemical. Here, the absolute correlation coefficient (|R|) between the projections on each PCR component and the concentration of the neurochemical was calculated. It had a relatively unimodal shape of the PCR component rank, with a rank that maximizes |R|; the projections to the PCR components of the peak |R| are highly correlated with the corresponding neurochemical concentration (Fig. 2B) . Indeed, |R| for DA, AA, and 5-HT was at the maximum within the first three PCR components, but the maximum of |R| for DOPAC and ∆pH was out of that range. This explains why DOPAC and ∆pH were poorly classified in Figure 2A .
PCR was then performed to create a regression matrix. Significant PCR components were chosen using statistical methods (accounting for 99.9% of the variance in the data, see Methods and materials), and they were used to estimate the concentrations of a testing dataset. Figure 2C compares the predictions of the concentrations of the neurochemicals (testing dataset) obtained using PCR with the actual concentrations introduced. For comparison, the concentrations of DA, AA, DOPAC, and 5-HT were normalized to the standard concentration (0.1, 100, 10, and 0.1 µM, respectively). The pH was represented by a change from a pH of 7.4 (∆pH). If PCR estimated the actual concentration or ∆pH accurately, all predictions should lie on the identity line. The prediction obtained using PCR deviated from the actual values by a root mean squared error (RMSE) of 0.07, 1.05, 0.9, and 0.07 µM for DA, AA, DOPAC, and 5-HT, respectively, and a pH 0.03 for ∆pH. Across the four neurochemicals and pH change, PCA showed a good performance for classifying the feature of cyclic voltammograms of the single substance, and PCR estimated well the actual concentrations of the single substance. 
Estimation of concentrations using PLSR
We also performed partial least squares (PLS) as in the case of PCA. The same training and testing datasets were used for independent analysis of PCR and PLSR. The first three PLSR components (typically called latent vectors or score vectors) accounted for 97.1% of the variance in the training dataset. Although the polarity of the distribution of scores on PLSR-C 1 and 2 was inverted compared with the distribution in PCR-C 1 and 2, the pattern of distribution showed similar features as that for PCA (Fig. 3A, compared with Fig. 2A) . In a similar manner to similar features in the distribution of scores in the PCR and PLSR component space, |R| between the projections on each PLSR component and the concentration of a neurochemical has a relatively unimodal shape of the PLSR component rank. The maximum |R| is observed for AA, ∆pH, and 5-HT within the first three PLSR components (Fig. 3B, compared with Fig. 2B ).
Subsequently, PLSR was performed using the same number of PLSR components as PCR (accounting for 99.9% of the variance in the data). The statistical analysis produced one more significant component for PLSR than for PCR. However, we used the same number of components so that the effect of the number of primary components is removed (see Methods). Although we did not use a significant component in PLSR, the predictions of the concentrations of the neurochemicals (testing dataset) obtained using PLSR lie near the identity line (the actual concentration) better than the predictions obtained using PCR (Fig. 3C, compared with Fig. 2C ). The prediction obtained using PLSR deviated from the actual values by the RMSEs of 0.04, 1, 0.7, and 0.05 µM for DA, AA, DOPAC, and 5-HT, respectively, and a ∆pH of pH 0.02. These RMSE values obtained using PLSR were smaller than those obtained using PCR (by 42, 5, 22 28, and 33% for DA, AA, DOPAC, 5-HT, and ∆pH, respectively). It shows that PLSR has a higher degree of precision than PCR. Overall, PLSR showed better performance for the estimation of concentrations of single substances from cyclic voltammograms.
Theoretically, PLSR is particularly more useful than PCR to predict unknown concentrations (Y; dependent variables) from known template of cyclic voltammograms (X; independent variables), in that it attempts to find a set of primary components and creates a regression matrix, as a dependent process between the independent (X) and the dependent variables (Y), by maximizing the covariance between dependent and independent variables [19, 20] . However, PCR finds a set of primary components that maximizes the variance of independent variables; subsequently, as an independent process, it creates a regression matrix that links a set of primary components to dependent variables. Our estimation using PLSR, rather than the use of PCR, showed the results predicted by the theoretical basis.
Comparison between PCR and PLSR
The performance of PCR for the estimation of the concentration was compared with that of PLSR in Figure 4 . We collected cyclic voltammograms using the same set of concentration combinations for each CFM. Subsequently, we performed 10-fold cross-validation for PCR and PLSR independently but by using the same dataset (see Methods and materials). In the cross-validation in the single electrode, the same number of components was used in both PCR and PLSR (accounting for 99.9% of the variance in the data). We validated the predictions obtained using PCR and PLSR with three different electrodes (circle, square, and triangle in Fig. 4B and C) .
First, we compared the mean of |R| for the components from the first to the specified rank and for all neurochemicals (see Methods and materials; Fig. 2B and 3B) , across the different numbers of primary PCR and PLSR components (Fig. 4A) . As the number of primary components increased, the mean of |R| reached the maximum with the 1st-3rd components and decreased as the rank increased in both PCR and PLSR. Interestingly, a remarkable discrepancy occurred with the 1st-5th components (gray rectangular box in Fig. 4A ). This difference indicates that the performance of PLSR for the prediction of the concentration and pH was better than that of PCR as the projections on the primary components, at least with the first five components, have a higher correlation to the concentrations on average. As another step toward a more quantitative comparison, we compared the AE between PCR and PLSR (Fig. 4B) . The AE was significantly lower in the predictions obtained using PLSR than those obtained using PCR, not only before normalization (Fig. 4B top, 0 .48 ± 0.01 and 0.45 ± 0.01 µM for PCR and PLSR, respectively, mean ± SEM, n = 30, paired t-test of PCR and PLSR AE: t29 = 5.25, P < 10 -4 ) but also after normalization (Fig. 4B bottom, 0 .0539 ± 0.0008 and 0.0479 ± 0.0006 for PCR and PLSR, respectively, mean ± SEM, n = 30, paired t-test of PCR and PLSR AE: t29 = 9.97, P < 10 -differed greatly across different electrodes and the AE with electrode 3 was larger than that with the others, Supplementary Figure 1) , we compared the MAPE (see Methods and materials) between PCR and PLSR. The MAPE was significantly lower in the predictions obtained using PLSR than those obtained using PCR (Fig. 4C, 10 .33 ± 0.55 and 9.65 ± 0.53% for PCR and PLSR, respectively, mean ± SEM, n = 30, paired t-test of PCR and PLSR MAPE: t29 = 23.08, P < 10 -19 ). Thus, the prediction obtained using PLSR is more effective than that obtained using PCR for the estimation of concentrations of single neurochemicals. As explained in the previous part, this difference must be due to the property that PLSR bears some relation to PCR, but it attempts to perform both PCR and multilinear regression by maximizing the covariance between the training dataset (X; independent variables) and the testing dataset (Y; dependent variables). Although we achieved better performance using PLSR than by using PCR for the estimation of neurochemical concentrations and previous studies proposed PLSR as a good estimator of chemometrics [8] [9] [10] , PCR has been routinely used in the field of FSCV [3-7, 27, 28] . Our comparison study between PCR and PLSR raises an interesting possibility of applying PLSR to FSCV [18] and improving the performance of an estimation of neurochemical metrics in the field of FSCV.
Evaluation of PCR and PLSR with mixtures
To test the performance of PCR and PLSR further, the testing dataset of cyclic voltammograms from solutions that contained DA of 0.5 µM and one other substance (100, 10, and 1.0 µM for AA, DOPAC, and 5-HT, respectively, and ∆pH of -0.1) was evaluated (Table 1 and Fig. 5 ). The PCR and PLSR with mixtures were performed using the same number of components (accounting for 99.9% of the variance in the data, see Methods). The regression matrix was constructed from the training dataset, composed of recordings for the predictions of a single neurochemical (training dataset used in Fig. 1-4 ) and new recordings of mixtures (DA of 1.0 µM and one other substance (100, 10, and 1.0 µM for AA, DOPAC, and 5-HT, respectively, and ∆pH of -0.1)). The predictions obtained using PCR and PLSR shown in Table 1 are summarized, and PCR and PLSR are compared in Figure 5 in the same way as in Figure 4B and C. For the cyclic voltammograms of the mixtures, the predictions obtained using PLSR show better classification of neurochemicals and performances than those obtained using PCR, not only in terms of AE (Fig. 5A top, 0 .11 ± 0.01 and 0.09 ± 0.01 µM for PCR and PLSR, respectively, mean ± SEM, n = 30, paired t-test of PCR and PLSR AE: t29 = 8.35, P < 10 -8 )
but also in terms of MAPE (Fig. 5B, 22 .80 ± 1.29 and 20.44 ± 1.14% for PCR and PLSR, respectively, mean ± SEM, n = 30, paired t-test of PCR and PLSR MAPE: t29 = 10.59, P < 10 -10 ).
In the field of FSCV, the estimation performance of neurochemical concentration has been studied typically for a single neurochemical [3] [4] [5] [6] [7] 27] , whereas a few studies examined the estimation of a mixture [4, 27] . Previous studies estimated concentrations of mixtures used PCR [4, 27] . Although the test framework using PCR in Table 1 and Figure 5 is comparable to the test conducted in these studies [4, 27] , our test framework differs from the previous one. While the training dataset of previous studies [4, 27] did not include mixtures, our training dataset contained mixtures having different compositions from the testing mixtures. Adding mixtures with different compositions into the training dataset resulted in a better performance of our PCR for the concentration estimation compared with that in the previous studies [4, 27] . Here, this was demonstrated by estimating the mixtures tested in Table 1 using the test framework used in the previous studies (training dataset composed of only cyclic voltammograms of a single analyte) [4, 27] . The overall values of AE and MAPE were greater in the test framework of the previous studies [4, 27] (Supplementary Figure 2) compared with the results of our main test framework (Fig. 5) . Remarkably, we observed smaller AE and MAPE in the predictions obtained using PLSR compared with those obtained using PCR for both test frameworks. Thus, PLSR shows higher performance than PCR in the estimation of concentrations of the mixtures. Table 1 . Smaller AE after normalization (A, same as Fig. 4B bottom, paired t-test: t29 = 8.35, P < 10 -8 ) and MAPE (B, same as Fig. 4C , paired t-test: t29 = 10.59, P < 10 -10 ) are observed in PLSR than in PCR. The circle, square, and triangle indicate electrodes 1, 2, and 3, respectively. Mean ± SEM (n = 30; n = 10 per electrode) is indicated by the thick horizontal bar and transparent rectangular box. The single point represents the average from a set of all the different mixtures.
CONCLUSIONS
In this study, PLSR shows improved performance in an analysis of FSCV data compared with PCR as it comprises regression and classification tasks and dimension reduction techniques. For application of PLSR to electrochemical data, techniques that are much more complicated or a greater effort are not required compared with application of PCR. Using PLSR in the field of FSCV would yield higher accuracy and improved selectivity in the estimation of neurochemicals in both in vitro and in vivo data analysis.
SUPPLEMENTARY FIGURES:
Supplementary Figure 1 . Absolute error (AE) after normalization for each condition (same as Fig. 4B  bottom) . For example, "DA|DA" indicates the estimations of the DA concentrations given that the DA solution is injected into the flow cell and "DA|Oth" indicates the estimations of the DA concentrations given other neurochemical solutions (AA, DOPAC, 5-HT, and ∆pH). Mean ± SEM (n = 30; n = 10 per electrode) is indicated by the thick horizontal bar and transparent rectangular box.
Supplementary Figure 2.
Comparison of the mixture estimations using PCR (red) and PLSR (blue) with the training set as the test framework, performed by the previous studies [4, 27] . The training dataset is not composed of mixtures and is only composed of single analytes (compared with Fig. 5 ). Smaller AE after normalization (A, paired t-test: t29 = 3.58, P < 10 -1 ) and MAPE (B, paired t-test: t29 = 8.07, P < 10 -8 ) are observed in PLSR than in PCR. The circle, square, and triangle indicate electrodes 1, 2, and 3, respectively. Mean ± SEM (n = 30; n = 10 per electrode) is indicated by the thick horizontal bar and transparent rectangular box. The single point represents the average from a set of all the different mixtures.
